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Abstract. In the last decade, the use of serious games as a teaching and learning 
tool has steadily increased in many disciplines. Nevertheless, serious games are 
still facing crucial challenges, such as their integration in the global learning pro-
cess. On the other hand, with the increased adoption of online applications and 
courses, it is becoming possible to collect and centralize large amounts of trace 
data generated by players. Such data may be used to produce statistics on stu-
dents’ behaviors inside pedagogical serious games, both as individuals and ag-
gregated as groups (e.g., classrooms). In this paper we propose a classification of 
potential uses of statistics in serious games and give new insights into how sta-
tistical analysis of groups’ behavior may impact positively on the learning pro-
cess. We also present experimental results obtained during a large-scale game 
deployment using the Wegas platform, our open source platform for game au-
thoring and execution.  

Keywords: Serious games, Statistics, Comparative behavior analysis, Class-
room orchestration, Teacher empowerment, Learning analytics, Competency 
management, Deep learning. 

1 Introduction 

The professional world is becoming more and more volatile, uncertain, complex and 
ambiguous. According to the World Economic Forum [25], students therefore need 
more than traditional academic learning: they must also develop new skills through 
education technology such as serious games (SGs). The use of SGs for pedagogical 
purposes has indeed become more widespread, from the health sector to engineering or 
management education, with some positive impacts reported (see e.g., [4]). Interactive 
teaching strategies have also proven to increase student attendance and engagement [7] 
and to foster higher performance [11]. But there are still many challenges to take up for 
effective acceptance of SGs in the educational process [12], such as how to promote 
deep learning [9] and trigger the higher levels of Bloom’s taxonomy of learning [3] 
while integrating SGs in different teaching strategies. 



Since SGs are used more and more in networked environments, it is becoming pos-
sible to centralize trace data that reflect students’ behavior while they are playing. This 
in turn enables the aggregation of datasets with different scopes. Analysis of such sta-
tistics may lead to the definition of strategies for improving the learning process. The 
activity of collecting, analyzing and reporting data about learners and their contexts is 
called learning analytics [10]. In this paper, we are mainly interested in tracking and 
comparing players’ behaviors, in particular their decision making, as opposed to more 
synthetic scores such as examination grades. 

Whereas learning analytics has been previously studied as a means to follow, assess 
and predict student performance [1][2][18], in this paper we argue that behavioral sta-
tistics will help address other important challenges that are preventing the larger adop-
tion of SGs. More precisely, we propose to compare behaviors inside games by catego-
ries of players, such as by different years, backgrounds (e.g., management or engineer-
ing), levels (e.g., undergraduate or postgraduate studies), environments (e.g., academic 
or professional) and teachers. The comparative analysis of such statistics has the poten-
tial of impacting the learning process in a positive way while supporting different ped-
agogical approaches. The same principle may also be leveraged to obtain better real-
life decisions in companies or organizations. 

In the following section, we propose a classification of the potential uses of statistical 
behavior analysis, with a special focus on SGs with pedagogical objectives. Following 
this, we present a study that took place in the frame of a project management game, 
which we use to validate the idea of comparing behavioral statistics in SGs. Then we 
discuss the significance of these results as well as their limitations. The paper concludes 
with some perspectives on possible extensions and future research directions. 

2 A Classification of Statistics in Serious Games 

Many SGs already make their statistics available to players and teachers. A promis-
ing but lesser studied field of learning analytics is to determine which aggregation lev-
els are relevant and to which stakeholders this information will make sense. The pur-
pose of this section is to provide an overview of these questions. 

2.1 Stakeholders of Serious Games in Education 

Many stakeholders are involved in the use of SG for educational purposes, including 
not only students and teachers, but also educational program chairs, SG designers, ped-
agogues, educational quality managers and instructional designers. All of these stake-
holders have specific interests and questions about the use and results achieved with 
SGs. Decision makers outside of the educational setting, like human resource manag-
ers, may also be interested in using SGs as a support for their decisions. 



2.2 Levels of Data Aggregation 

Trace data may be aggregated with different scopes to produce meaningful statistics. 
The following scopes seem to be the most relevant to students’ learning experience: 

1. Single game play: e.g., individual statistics about each student, such as the percent-
age of correct answers or decisions he or she made throughout the game. 

2. Classroom session: e.g., global statistics on the distribution of choices made inside 
a game played in parallel by several participants, such as in a classroom. 

3. History of sessions for a specific course: e.g., statistics on the same course through-
out a number of years. 

4. Sessions of different categories of players: e.g., statistics comparing classrooms with 
different profiles that have played the same SG. 

2.3 The Stakeholder / Scopes View 

The use of learning analytics in SGs has previously been studied along 3 axes: what, 
when and where to evaluate [18]. In this paper we focus more on the potential applica-
tions of data aggregations and therefore are more interested in the question of what 
aggregations are useful, as well as for whom and why data are collected and analyzed. 

The following table suggests which data aggregations may be relevant to the differ-
ent classes of stakeholders. It embodies the intuitive idea that increased scopes of data 
aggregation will be of interest to a larger number of stakeholders because the additional 
information will contribute to answering more questions. Additionally, in order to in-
troduce some structure in the list, we distributed stakeholders into three levels (micro, 
meso and macro) according to the size of their primary population of interest, but the 
boundaries between these levels are not strict. 

Table 1.   The stakeholder / scopes view 

 

Micro level Meso level Macro level 

Learner Teacher 
Educ. 

program 
manager

Game 
designer 

Re-
searcher 

Other 
decision 
maker 

1. Single game play x X     

2. Classroom session x x x x x x 

3. History of sessions 
     (same course) 

x x x x x x 

4. Different categories 
     of players x x x x x x 

Micro Level: Learner and Teacher 
At the micro level, both teachers and learners may benefit from all types of statistics. 



Learner 
The learner (possibly a player team, depending on the SG) is interested in how she 

has performed in a given game, where she has competence gaps and how she performed 
in comparison to other players or teams. A dashboard with relevant statistics is therefore 
useful to learners because it allows them to judge their own learning experience [16], 
although a teacher might be helpful in interpreting the results correctly. Following our 
gradation of aggregations, here are additional examples: 

1. Single game play: the percentage of correct answers is already available in many 
SGs along with a trace of the game play, which is needed for identifying and under-
standing one’s own errors (self-assessment) [2][20]. 

2. Classroom session: these data enable a detailed comparison with other players in the 
same class. Such statistics are often available in massive online games. 

3. History of past sessions (same course): a player’s history enables comparison to pre-
vious players of equivalent expertise. 

4. Comparison to sessions with different categories of players: the learner can examine 
what specialists would have done in the same situation and—in a more differentiated 
way than a simple score—how far she is from an expert status in the given subject 
field. Active learning may thus be promoted by providing students with a compari-
son between their own behavior and an expert behavior. 

Teacher 
The teacher’s concerns are twofold: how to monitor and assess students and how to 
improve her teaching strategies in the longer run. Research shows that well-imple-
mented targeted instructions can significantly improve student learning outcomes [13]: 
trace data and resulting statistics from SGs may be very helpful in this regard. 

1. Single game play statistics are helpful for computer-assisted learner assessment and 
identification and for coaching of students at risk (see e.g. [2]). To support this, high-
level game variables must be accessible to the teacher in order to enable openness, 
trust and customization; in other words, the SG should not be a black box [21]. More 
generally, the teaching-learning cycle (e.g., as found in [5]) begins with an identifi-
cation of each student’s learning needs, informed by data. Such data help teachers 
with pacing of the provision of appropriate resources. 

2. Classroom session traces will enable the teacher to monitor global progress during 
play and to provide additional instructions in time if the dashboard reveals problems 
at specific places in the SG. They may reveal whether a complementary lecture is 
required. After the game, statistics can also serve as a tool for adapting the assess-
ment to the average of the class [21]. 

3. With detailed statistics of past sessions of the same course, the teacher can gradually 
develop performance standards, improve her teaching in a targeted way and measure 
the impact of these adjustments. Such statistics will also help in developing predic-
tive success/failure patterns [1]. 

4. By comparing sessions played by different categories of learners, the teacher can 
better tailor her course to a given target audience. During or right after the playing, 



the classroom’s performance can be compared to traces previously generated by spe-
cialists; this will empower the teacher with concrete examples that she can give to 
the students to better illustrate which behavior was actually expected. 

Meso Level: Program Manager and Game Designer 
As we move away from the micro level, we suggest that stakeholders’ interests will 

essentially focus on the wider data scopes. 

Program manager 
Designers and managers of educational programs want to identify subject fields to 

be included in a given course and preliminary competencies to be required from the 
participants. For postgraduate or professional training, their questions are: what are the 
learning outcomes and which competencies are needed to perform a specific activity, 
what is the specific training needed by a new employee, is the content different if the 
new employee has a scientific academic background or a managerial education, etc. 

1. Single game play: weakly informative without other data to compare to. 
2. Classroom session: if student backgrounds are not homogeneous, session statistics 

may pinpoint insufficient prerequisites in certain pathways. 
3. History of past sessions (same curriculum): these data allow adjustment of course 

content and complexity to the evolution of player results. 
4. Comparison by categories of learners: the definition of a training program may be 

based on statistical comparison of behaviors in a specific SG, with analysis of dif-
ferences between a cohort of experts (the control group) and a typical learner fol-
lowing the training program. It might also be possible to check whether there are 
fewer differences with the expert control group at the end of the program than before. 

Game designer 
Developers and designers of SGs are interested in improving the design or contents 

of existing games and in developing new games that are more captivating and effective 
in terms of learning. 

1. Single game play: weakly informative without other data to compare to. 
2. Classroom session: to identify significant playability/usability issues in new games. 
3. History of past sessions (same game scenario): to validate and improve game er-

gonomy and interest, e.g., if no player ever went through a given branch of the sce-
nario, that branch should probably be made more attractive or else suppressed. Per-
formance standards inside the game may also be adjusted on the basis of statistics. 

4. Comparison by categories of learners: this may constitute a benchmark enabling au-
tomatic recognition of a player’s profile. When the game identifies a player with 
little expertise in a given subject field, it may propose additional exercises. 

 



Macro Level: Researcher and Decision Maker 

Researcher 
Researchers in pedagogy may be interested in the real impact of SGs and have ques-

tions such as how effective a specific SG really is and which competencies are devel-
oped inside a given game. They are also concerned with how the impact of an educa-
tional program or of different pedagogical approaches can be measured. 

1. Single game play: weakly informative without other data to compare to. 
2. Classroom session: comparison of learning paces among students in the same class 

may help devise a range of effective teaching strategies to be taken up by teachers. 
3. History of past sessions (same course or curriculum): data on game play over time 

may help in building up a clear and comprehensive knowledge of students’ needs in 
order to enhance pedagogical methods. On the other hand, emerging new technolo-
gies for tracking psychophysiological signals may reveal how efficient the learning 
process is inside an SG and how engaging a game really is [18]: the availability of 
historical data will contribute to establishing more reliable correlations between 
player behavior, learning outcomes and neurophysiological traces. 

4. Comparison by categories of learners: this may help researchers understand and im-
prove the effectiveness of pedagogical methods (including SGs) for various profes-
sional sectors, using the SG to assess the acquisition of knowledge. This may help 
them understand when instructional methodologies need to vary in order to accom-
modate differences in student learning outcomes. 

Other decision makers 
This is a category of decision makers who may use statistics of behaviors inside the 

virtual world in order to support decisions made in the real world. 

1. Single game play: weakly informative without other data to compare to. 
2. Classroom session: from an HR perspective, behavioral statistics can be used to help 

decide between candidates competing for the same position. 
3. History of past sessions (same category of players): 

○ HR department: to assess and improve employee competency. 
○ Academic managers (faculty or institution-level): to follow global student per-

formance through the years and increase accountability [2]. 
4. Comparison by categories of learners: 

○ HR department: to sort employees by level of expertise and to optimize de-
ployment of human resources. 

○ Academic managers: to adjust curricula and ensure they fit the needs of the 
labor market. 

○ Policy makers: to compare performances of schools or institutions [6]. 



3 A Study using the Wegas Platform 

Wegas is our web-based serious game authoring and execution platform1. Based on 
several years of experience in education in diverse environments, Wegas has been de-
signed with a strong focus on scenario definition capabilities, in order to allow educa-
tors to customize content to learning objectives and to the participants' specific subject 
fields. The platform supports both hybrid on-site classroom learning and remote  
e-learning. 

Wegas serves as the basis for a broad range of games, essentially of educational 
nature, of which the most popular is the Project Management Game (described below), 
a simulation tool for budding project managers that is actively used in many universities 
in Switzerland and France. Wegas includes a teacher dashboard offering a real-time 
overview of player positions in the game, which helps identify students in difficulty. 
The dashboard also enables the teacher to inspect or impact player sessions, such as by 
giving advice inside the game as if it were coming from one of the virtual characters. 

The generation of trace data is integrated in the platform, which systematically logs 
all choices made by the player (i.e., answers to questions or decisions made inside a 
game) as well as all values taken by numeric variables defined inside the game (repre-
senting e.g. game phases or player performance indexes). 

3.1 The Project Management Game 

The Project Management Game (PMG) was designed as a complete educational con-
cept for teaching project management in a team-based approach that fosters collabora-
tive skills [17]. This concept combines a simulation game with ex-cathedra theory and 
real-world activities such as presentations to a project management office. 

In PMG, players take the role of project managers and have to choose among pro-
posed actions. An important aspect of the game is the absence of judgment: there is no 
explicit feedback after each action to tell if it was a good or a bad choice. Instead, some 
general performance indicators will be updated from time to time and messages will 
arrive from virtual stakeholders inside the game (clients, colleagues, company execu-
tives, etc.). Learners therefore have to evaluate by themselves the impact of their actions 
and to conceptualize on their own the knowledge that could be built on this experience 
[14]. Following the principles of experiential learning [15][19], the game teaches them 
to learn and to experiment with their new knowledge inside the simulation. 

3.2 The Study 

Over the course of one year, trace data were collected from PMG as it was used by 
5 different teachers in 10 different courses. A typical classroom comprised 5 teams of 
4 students each. For the study, a new interface was developed that enables the selection 

                                                           
1 Project home page: http://www.albasim.ch/ 
The platform is open source and can be downloaded from https://github.com/Heigvd/Wegas 



of up to four “groups” (aggregations of training sessions) and the display of statistical 
comparisons between the corresponding cohorts.2 

For example, for a decision about doing a market analysis at the very beginning of 
the PMG game, we observed similar behavior in three classes of students who had 
mainly an engineering background (bachelor in media engineering, certificate of ad-
vanced studies in energy management, diploma in project management). Less than 30% 
of them decided to perform a complete market analysis, and a majority chose to do only 
a partial market analysis in order to preserve their budget and timeline. When the same 
question was given to different classes of students enrolled in management curricula 
(bachelor in management), we observed a similarly consistent behavior, but this time 
with a majority of them deciding on a complete market analysis and no more than 30% 
percent choosing a partial analysis. We found an analogous correlation among students 
in business administration (MBA). 

 

 
   
Fig. 1. Comparing decision making among three cohorts with different backgrounds. 
 
In Fig. 1, players with similar backgrounds are grouped in order to compare typical 

behaviors of students with an engineering profile (blue bars), a management profile (red 
bars) and an MBA (yellow bars). In this graphic, one can clearly observe that students 
enrolled in engineering curricula are less likely to perform market analysis than students 
in management studies. The graphic also indicates that students in an MBA program 
tend to behave like students of management, even if these MBA students have an engi-
neering background. 

                                                           
2  As of this writing, some of the functionality is only available to a restricted set of users until 

most usability and privacy protection issues have been addressed. 
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4 Discussion 

We have proposed a classification of stakeholders of SGs and of the data scopes that 
we believe might be of interest to them. We developed an extension to the Wegas plat-
form in order to experiment with these statistics, using a significant amount of data 
generated during one year by different categories of players in the PMG game. We 
observed that the comparative analysis of behaviors may bring excellent opportunities 
for pushing the adoption of SGs in the learning process, improving existing games and 
supporting decisions based on behaviors observed in SGs. 

4.1 Improving Education Management 

The comparison of different groups of learners may have a positive impact on deci-
sions in the professional world or when designing training programs. By this means, it 
becomes possible to answer questions like “in this specific situation, what are the dif-
ferences in behavior between an engineer and someone with a managerial back-
ground?” or “what should be included in an MBA program for engineers in order to 
give them a managerial behavior?” 

4.2 Use in Professional Assessment 

Comparative statistics also enable the detection of situations in which senior profes-
sionals have different behaviors than junior professionals or bachelor students. This 
may impact business decisions like “what kind of qualifications are needed for this kind 
of activity: expert, senior or junior?” Then, one can identify players that have a behavior 
similar to recognized experts but are less expensive to hire. One could more easily find 
new positions where valuable collaborators can be relocated inside a company by fitting 
their player statistics into specific categories. Thus the target audience of such analytics 
may be widened to HR specialists of competency management, whereas the traditional 
audience is composed of teachers and learners [6][23]. 

4.3 Pedagogical Impact 

With Wegas the teacher has the opportunity to present comparative statistics to the 
students and to highlight places in the SG where they behaved differently than actual 
expert-level players. Feedback based on previous cohorts constitutes a complete Learn-
ing Analytics Cycle, as recommended in [6]. Wegas makes this concept even more 
effective, as it enables the teacher (1) to prepare striking comparisons by selecting class-
rooms of different levels of expertise and (2) to provide illustrated feedback immedi-
ately after the playing session, which probably is the best moment to explain the rea-
soning behind an expert behavior. Emphasis may thus be placed on comparing reason-
ing instead of final scores, which warrants the pedagogical value of the feedback. More-
over, research shows that immediate feedback is beneficial to the learning process [8]. 



This way, the teacher can provide a significant added value in comparison to a situation 
in which statistics would simply be made available to the learner as a self-service.  

4.4 Limitations and Perspectives 

This article describes work in progress. Our goal was to identify and to classify use-
ful statistics for various kinds of stakeholders, but we do not claim to be exhaustive at 
this stage. Whereas comparative statistics have been employed to enhance lectures us-
ing the Wegas platform and to make game scenarios more relevant, it’s still necessary 
to quantify more generally the impact of such statistics on the learning experience. Re-
cent research already brings evidence that the provision of immediate feedback pro-
motes student engagement in the learning process [8]. 

We have currently only tested our approach on the comparison of answers to closed 
questions. It is important to limit the number of possible answers, because this enables 
more reliable and objective comparisons. In the comparative approach, we are indeed 
mainly concerned with how close a player’s performance is to that of various control 
groups. In order to extend this work, we may study the chronology and speed of action 
sequences and try to compare them. In addition, we have not tried to take into account 
communication patterns between players (chats, forums, etc.). This topic, which may 
reveal players’ level of interest or a possible need for help, is already studied in [24]. 

A few requirements have to be fulfilled to make statistical comparisons reliable: 

 A sufficient number of sessions must be played and logged beforehand. 
 Game sessions should be organized with consistent player profiles in order to enable 

their classification into distinct categories. On the other hand, such categories do not 
necessarily have to be known a priori: one interesting research direction would be to 
apply data mining techniques on the statistics in order to elicit novel clusterings and 
comparison criteria after the game is played. 

 Game scenarios and content must remain sufficiently stable across versions: com-
parisons are currently only allowed on choices that have the same internal identifier 
(chosen by the scenarist). This constraint will have to be relaxed, since new game 
versions will necessarily be published in order to correct errors, but also to observe 
new aspects of players’ behaviors or to encompass teachers’ customization requests. 

Regarding privacy protection, complete playing traces are indeed collected and pro-
cessed internally, but nominative data are only accessible to the player who produced 
them and to the relevant teacher. No personal information is made visible by the new 
statistics modules, except that teachers might be identified indirectly by cross-checking. 
Nevertheless, data protection issues in SGs need to be further investigated [22], espe-
cially as broader data aggregations will affect a larger number of persons and might be 
governed by legislations of multiple institutions and countries. 

Finally, usability is an important requirement: the SG platform has to make statistics 
easily accessible to ensure that they will actually be employed by stakeholders such as 
teachers and students. 



5 Conclusion 

In this paper we proposed a vision of learning analytics that focuses on data aggre-
gation levels and on their usefulness to main stakeholders. A systematic classification 
revealed a number of useful statistical comparisons that we have not found elsewhere 
in the literature. We extended our Wegas platform with a new aggregation and compar-
ison module, which was fed with a significant amount of trace data collected during 
one year from different categories of players of our project management game. This 
experience confirmed that player profiles are relatively homogeneous inside each path-
way and that complementary schooling allows players to improve their behavior in 
comparison to their initial weaknesses. Comparative statistics enable teachers to pro-
vide striking feedback based on expert cohorts in order to reinforce the impact of seri-
ous games on students. Outside the educational setting, businesses and organizations 
can compare cohorts of employees in order to appoint them to optimal roles. 

Acknowledgments. The authors would like to express their gratitude to all developers 
of the Wegas platform as well as to the teachers who gave their feedback on the tool. 
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